In recent years, micro-milling techniques have attracted great attention and interest from academia and industry. Inconel 718 is a nickel-based superalloy with good tensile, fatigue, creep and rupture strength and can find great application in nuclear and aerospace industry. In this paper, the response surface methodology (RSM) was applied to develop the model for predicting surface roughness in micro-milling Inconel 718. The magnitudes of cutting parameters affecting the surface roughness, which were depth of cut, spindle speed, and feed rate, were analysed by the analysis of variance (ANOVA). The validity of the surface roughness prediction model was proved due to the tiny error between the measured values and the prediction results. Then, genetic algorithm (GA) was used to determine the optimal cutting parameters achieving minimum surface roughness in micro-milling Inconel 718 process. All experiments show that the optimised results agree well with the test ones.
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Introduction
In recent years, the demands of micro-components are increasing in diverse domains such as aerospace, electronics and biotechnology. Therefore, micro-mechanical machining technologies have attracted more and more attention and interests of researchers and industry since they can produce three dimensional microstructures, as discussed by Shelton and Shin (2010) . Among the micro-mechanical machining techniques, micro-milling develops rapidly and has been applied widely because of its flexible ability to produce micro components with complex shapes. However, the poor surface quality of micro-milled parts always restricts their wide application, as pointed out by Schaller et al. (1999) . Therefore, it is necessary to investigate the surface quality in micro-milling process.
Surface roughness, as an important index for the surface quality of machined parts, can affect several characteristics of components, i.e., friction, wear, etc., as shown by Kıvak (2014) . Hence, surface roughness was investigated to improve the surface quality in micro-milling Inconel 718 process in this paper. Arithmetical mean deviation of the roughness profile (R a ) is an important surface roughness index, as suggested by Richárd and Ágota (2015) . Therefore, R a was selected to evaluate surface roughness in this study. The phenomenological models used in industry generally need massive repeated trials and therefore, are rather costly and time-consuming. To improve surface roughness economically and efficiently, a number of contributions had been made to analyse cutting parameters in micro-milling process by the researchers. Vázquez et al. (2010) designed experiments to study the combination influences of spindle speed, depth of cut per pass, depth, feed per tooth, coolant application on surface finish in micro-milling of aluminium and copper. It was found that the surface roughness increased with the increase of depth of cut per pass and depth, and increased with the decrease of spindle speed, feed per tooth. Jin et al. (2009) reported the interaction effects of parameters on surface topography in micro-milling of AISI D2 steel; axial depth of cut, feed rate, feed per tooth, and the feed per tooth were considered as prominent factors. Also the surface roughness deteriorated with a low feed per tooth/cutting edge radius. Filiz et al. (2007) proposed the influences of cutting speed and feed rate on surface roughness in micro-end milling of pure copper 101, and the surface roughness was constant at feed rates up to 3 μm/z and then increased with the further rise of feed rate. However, the above mentioned researches on relationship between cutting conditions and surface roughness in micro-milling were most qualitative rather than quantitative. Therefore, several empirical prediction models considering different cutting parameters had been developed for micro-milling. Kouravand and Imani (2014) presented the relationship between cutting conditions and surface roughness in end milling micro-channel by using Taguchi method and built a regression model, and ANOVA was used to check the validity of the model. Spindle speed, depth of cut and feed per tooth were identified as significant parameters. Wang et al. (2005) analysed the micro-end-milled surface roughness and indicted that cutting parameters including spindle speed, feed rate, depth of cut and tool diameter were the main affecting factors, also the ANOVA was employed to find out the optimal values. Thepsonthi and Özel (2012) applied response surface methodology (RSM) to conduct experiments and built the surface roughness prediction model, and the optimum process parameters, which minimise the surface roughness in micro-end-milling process, were identified by using particle swarm optimisation (PSO).
Numerous researches have been done to investigate the surface roughness and some surface roughness prediction models have been built about micro-milling aluminium, copper, brass, steel, cemented carbide, titanium alloy, etc.; there is very few study concerning micro-milling process on Inconel 718 in current literatures, which is a challenging task. Inconel 718 is a nickel-based superalloy, which can be used to manufacture components of liquid rockets and parts of aircraft turbine engines, on account of its good tensile, fatigue, creep and rupture strength (Alauddin et al., 1996) . Owing to its corrosion resistance, superior high temperature strength and toughness; Inconel 718 can be used in nuclear industry (Attia et al., 2010) . Considering its high-temperature property, poor thermal conductivity and high strength, Inconel 718 always has a severe surface abuse in machining process (Dudzinski et al., 2004) . As a typical difficult-to-machine material, the machining mechanism of micro-milling Inconel 718 is different from traditional milling, or even micro-milling other materials. Therefore, in this work, a study has been developed to predict surface roughness in micro-endmilling of Inconel 718 and investigate the influence of cutting parameters on surface roughness. RSM, which is always applied to quantify the relationship between the measured response and vital input factors, is a combination of mathematical and statistical technique, as presented by Kilickap et al. (2011) . Thus, the prediction model was developed by utilising RSM and the considered parameters were depth of cut, spindle speed, and feed rate. Then the ANOVA was used to analyse the model and cutting parameters. At last, the genetic algorithm (GA) approach was used to optimise the cutting parameters to get the optimal surface roughness. Experimental results showed that the optimised parameters were in good agreement with the test ones.
Methodology

Surface response methodology
RSM can build optimisation models with the higher precision and fitting efficiency compared with neural network algorithm and signal-to-noise ratio (SNR) design method (Zhao et al., 2014) .
In this paper, the depth of cut a p , the spindle speed n and the feed rate are selected for investigation. The experiment designs are conducted based on the central composite design (CCD). The relationship between surface roughness R a and selected cutting parameters can be expressed as:
where C is a constant, and a, b, c are exponents. Logarithmic transformation is used to convert the above intrinsically linear type nonlinear model to a linear model, which is described in equation (1).
By using least squares method, the constant and exponents C, a, b, c can be determined. Equation (2) can be given as follows:
where y is the measured surface roughness on a logarithmic scale, x 1 , x 2 and x 3 are logarithmic transformations of depth of cut, spindle speed and feed rate respectively. The values of β are estimates of corresponding parameters, and ε is the randomly distributed error terms. The quadratic response model can be represented as follows: 
where β 0 , β 1 , β 2 , β 3 , β 11 , etc. are coefficients to be estimated by the least squares method.
Genetic algorithm
Some non-conventional techniques, i.e., GA, PSO, ant colony algorithm (ACO), etc. are adopted to obtain the optimisation parameters in machining. GA, which is mostly used to optimise cutting parameters in machining process, is a well-known search algorithm based on mechanics of natural selection and genetics (Bhushan et al., 2012) . GA, can solve multiple objectives and nonlinear response function problems, discrete and continuous objective functions (Mukherjee and Ray, 2006) . Reproduction, crossover, and mutation are three basic operators to generate a new population of solutions.
1 Reproduction. It is the first of the genetic operators. Considering the fitness values, the copies of strings are copied into a separate string called the 'mating pool'. The chance of being selected is determined by the fitness values.
Experimental procedures
Experimental details
To achieve the satisfied surface roughness, cutting parameters should be selected. Thus, some experiments were designed to realise micro-milling of micro-channel under dry conditions, as depicted in Figure 1 . Inconel 718 was used as the workpiece material, which had a dimension of 100 mm × 20 mm × 8 mm. The chemical composition and performance parameters of Inconel 718 were given in Table 1 and Table 2 respectively. Ultrafine particle coated cemented carbide end milling tool with 2 flutes (MX230, NS, Japan) was used to mill micro-channels, the theoretical diameter of the milling tool is 0.3 mm, as shown in Figure 2 . The distance between cutting insert top and end of tool holder viz., overhang length, was fixed as 20 mm. The micro-end-milling tests were conducted on the micro-milling machine tool, as shown in Figure 3 . The maximum rotational speed of the high speed and precision electric spindle (HF42 S120C, IBAG, Switzerland) can be up to 140,000 rpm, and the radial run-out of the spindle is less than 2 μm. The open numerical control system was based on multi-axis motion control board (PMAC). The machine parameters were shown in Table 3 .
Experimental design and results
Depth of cut, spindle speed, and feed rate were selected cutting parameters affecting surface roughness in micro-end-milling process. CCD method based on RSM was applied to design the experiments, which has sequential nature, rotatability and orthogonality (Karthikeyan and Balasubramanian, 2010) . Considering machining capacity of the micromilling machine tool, the experiments were conducted based on CCD with five levels of each design factors. The levels of each factor were chosen as -1.682(a), -1, 0, 1 and 1.682(A) in closed form to have a rotatable design. It required 20 experiments with eight factorial points, six axial points and six centre points. The factors and their levels in coded and actual values were shown in Table 4 . Total 20 groups of experiments were performed, as shown in Table 5 . The arithmetical mean deviation of the roughness profile (R a ) was selected as the predictive response, which was measured in feed direction by 3D surface profiler (Zygo NewView 5022, USA). The average value of five measurements of R a in different regions of each micro-channel was obtained for further modeling and analyses, the results were shown in Table 5 . Table 5 Experiments and results using CCD Table 5 Experiments and results using CCD (continued) 
Regression model for surface roughness
RSM was applied to predict surface roughness in micro-end-milling of Inconel 718. The summary statistics of three different modelling methods (linear, 2FI and quadratic) based on the experimental data, were displayed in Table 6 . It revealed that the quadratic model was the suggested model for predicting surface roughness in micro-end-milling process. ANOVA was applied to determine the optimum combinations of cutting parameters. The ANOVA results of quadratic model were given in Table 7 . The desired level of confidence was set to 95%. , , x x and x 2 x 3 were major parameters in this case. By getting rid of the terms that were insignificant, the quadratic model would be improved. ANOVA table for reduced quadratic model was shown in Table 8 . The F value of the reduced quadratic model was 59.64, meaning that the model was significant. The F value of the lack of fit was 2.43, demonstrating an insignificant lack of fit. The value of R 2 was 0.9721, which implied that 97.2% of experimental data confirmed the compatibility. The value of Adj R 2 , which was 0.9558 in this analysis, was also high enough to demonstrate the significance of reduced quadratic model. The adeq precision (28.873), which was regarded as desirable if greater than 4, indicated an adequate signal.
By using the least squares regression approach, the values of β can be calculated by equation (5).
where matrix X consisted of the experiment variables, and the matrix was composed of experiment results. By using design expert software, the multiple regression model used to predict the surface roughness in micro-milling process could be established as equation (6). 
In addition, the residual analysis and comparison of the predicted and actual value were conducted to test the significance of the reduced quadratic model. The results obtained from residual analyses were shown in Figure 4 and Figure 5 . In Figure 4 , the residuals varied linearly, indicating the errors were distributed normally. There were no obvious pattern and unusual structure with the residuals versus predicted responses as shown in Figure 5 . Therefore, there was no reason to suspect any violation of the independence or constant variance assumption, as considered by Noordin et al. (2004) . 
Verified experiments
By applying the ANOVA and residual analysis, the validation of the reduced quadratic model for predicting the surface roughness was proved. Furthermore, the prediction ability could be verified through the confirmation runs. As shown in Table 9 , the values of surface roughness obtained by confirmation experiments and by the reduced quadratic model were compared. Percentage mean absolute error (%MAE), which was a statistical method, was applied to investigate predictability of the model. The values of %MAE could be calculated by equation (7). It was finally found that the %MAE between the prediction results and the measured experimental values was 4.61%. 1 1 %MAE= 100
where e i was the experimental value, p i was the predicted value, n was the number of confirmation experiments. 
Influence of cutting parameters on surface roughness
By plotting the response with respect to two parameters while fixing the other one, the three-parameter model could be visualised. In this section, the values shown by the axis scale were the same values coded in Table 4 . The surface plot based on the reduced quadratic model for a fixed depth of cut of 24 μm was shown in Figure 6 . It could be observed that the surface roughness increased with the increase of feed rate; however, the spindle speed did not contribute much to the surface roughness, which could be verified from the result of ANOVA, as shown in Table 7 . Figure 7 showed the surface plot for a fixed spindle speed of 60,000 rpm. It could be observed that the surface roughness increased with the rise of depth of cut and feed rate, which might be caused by the large chatter resulted from cutting insert traversing workpiece too fast. The surface plot for a fixed feed rate of 1.2 mm/s was shown in Figure 8 . It could be observed that the middle range of spindle speed, which was at its 0 level, was the turning point of surface roughness. This might be caused by the thermal softening of Inconel 718 during micro-milling process with the increase of spindle speed, which led to better surface roughness. However, the chatter caused by high spindle speed would deteriorate the surface quality.
The maximum value of surface roughness in Figure 6 was smaller than that in Figures 7 and 8 , and the surface roughness increased rapidly with the rise of depth of cut. Based on the comparison of peak amplitude along Z axial in Figures 6, 7 and 8, depth of cut was the most important parameters affecting surface roughness, this phenomenon consisted with the results from analysis of variance (ANOVA). However, it was contrary to the other researchers' research results when micro-milling other materials (Vázquez et al., 2010; Wang et al., 2005) ; it might be attributed to the serious tool wear and temperature rise during micro-milling difficult-to-machine material Inconel 718.
Optimisation of surface roughness with GA
To achieve the satisfied surface roughness in micro-milling Inconel 718, an effort had been made to investigate the optimum combination of cutting parameters by using the MATLAB optimisation toolbox. The objective was minimising surface roughness with respect to a set of constraints.
The reduced quadratic model for predicting surface roughness presented in equation (6), was considered as the objective function, viz. fitness function and was given as following equation (8) 
Equation (8) was obtained from equation (6) by converting the independent variables x 1 , x 2 , and x 3 into cutting parameters a p , n′ and v; the transformational relations were given as following: where n′ was defined as n/10,0000 to simplify the equation and calculation. The minimisation of equation (8_ was subjected to limitations of cutting condition, which was shown as Table 4 
During GA optimisation process, the initial population size, the crossover rate, the mutation rate and the type of selection function should be considered as major criteria. By using MATLAB optimisation toolbox, several combinations of GA parameter rates had been tried to find the best combination which could lead to the minimum values of the fitness function. The best combination of GA parameters was determined as shown in Table 10 , after several sets of GA parameter rates have been conducted. By using the fitness function shown in equation (8), cutting parameters constraints shown in equation (10), and the GA parameters rates given in Table 10 , the results of the optimisation were obtained in Figure 9 . Figure 9 demonstrated the minimum surface roughness value in micro-milling of Inconel 718 could be as low as 0.041782 μm. The combination of cutting parameters, which led to the minimum surface roughness were: depth of cut of 10.832 μm, spindle speed of 43,620 rpm, and feed rate of 0.531 mm/s. It could be observed that the mean fitness value was 0.047856 μm with the best fitness value being 0.041782 μm, and the optimal solution could be obtained at 52nd generation. Theoretically, the optimum cutting parameters should be transferred into equation (7), which was considered as fitness function in GA, to validate the result of optimal cutting parameters. The predicted surface roughness was 0.418 μm. It was very close to the minimum surface roughness obtained by GA, which was 0.041782 μm. It indicated that the optimal surface roughness could be obtained when the set optimum cutting parameters were adopted in the real experiments. Additionally, the experiment was conducted to verify the validity of the optimisation. The cutting parameters were set as depth of cut of 10.832 μm, spindle speed of 43,620rpm and feed rate of 0.531mm/s, and the obtained surface roughness of the micro-milled surface was 0.043 μm, which was very close to the predicted value 0.041782 μm. Therefore, the validity of the optimisation could be verified. 
Conclusions
In this study, on basis of RSM, ANOVA, and GA, a surface roughness prediction model was built and optimisation of surface roughness for fine surface roughness in micro-milling Inconel 718 was performed. RSM was effective to model the surface roughness of micro-milling Inconel 718. GA method was used to optimise the surface roughness prediction model to obtain the optimum cutting parameters.
Based on CCD design of experiments, the prediction model, which was a function of depth of cut, spindle speed and feed rate was developed; and this quadratic model was accurate enough to predict the surface roughness in micro-milling process.
In additional to the results discussed above, the following conclusions could be summarised.
1 According to the results of ANOVA, the effect magnitudes of cutting parameters on surface roughness were as follows: depth of cut > feed rate > spindle speed.
2 As highlighted before, the GA technique was used to determine the combination of cutting parameters for the minimum surface roughness. The minimum surface roughness of 0.041782 μm in this paper was obtained with the depth of cut of 10.832 μm, the spindle speed of 43,620 rpm, and the feed rate of 0.531 mm/s.
